Mangrove forests in Iran are highly productive and complex ecosystems since they represent the interface between land and sea. They are a unique environment for supporting biodiversity, and they provide direct and indirect benefits to humans. Investigating changes in mangrove forests is essential for ecologists and forest managers to improve the assessment and conservation of natural ecosystems. The goals of the present study include: (I) to evaluate and compare four supervised classification algorithms based on Landsat time series imagery to detect mangrove cover in southern Iran, (II) to detect changes in mangrove cover between 1985 , 1998 and (III) to compare the four different predictions resulting from the applied classification algorithms. An accuracy assessment was conducted using k-fold cross-validation and independent validation, and differences between the classification techniques were analyzed. Although all four algorithms produced high overall accuracy (ranging from 81% to 93%) and Kappa values (from 0.81 to 0.92), visual comparisons of the predictions revealed that Random Forest (RF) performed best. The results of the change analysis showed that mangrove cover areas decreased by approximately 4% from 1985 to 1998 and then increased by approximately 8.9% from 1998 to 2017. A change detection map shows a decrease in mangrove cover in near coastal regions, such as the Tabl and Gavarzin areas, and an increase in mangrove cover at a distance from the Qeshm coastline that involves open spaces between the trees. Rising water levels and human development are important factors in the decline of mangroves. The findings of this research are useful for the management, restoration and conservation planning of mangrove forest in southern Iran.
Introduction
Mangrove forests are known as unique ecosystems that provide many ecosystem services, such as coastline protection, water purification and climate regulation, provision of a habitat that supports marine life, and a range of benefits for education, recreation, and tourism (Kanniah et al., 2015) . These ecosystems are essentially found along the intertidal coastlines bridging land and sea (Chen et al., 2010) . Mangrove forests have been threatened worldwide by deforestation resulting from human activities, such as urbanization, crab and shrimp ponds, contamination of oil extraction from the seabed, agricultural production and industrialization, as well as from natural disasters and climate change (Son et al., 2015) . The total area of mangrove forests worldwide has decreased by over 50% during the last half century (Giri et al., 2011; Shi et al., 2016) .
In order to develop programs to guide conservation and enhance ecosystem management, monitoring and assessment of the trends of mangrove distributions and dynamics must first be completed (Kirui et al., 2013) . Studying mangrove distribution is essential for the assessment and conservation of natural ecosystems (Alatorre et al., 2011) . Therefore, tools and methods are needed for the evaluation of land cover and temporal change in mangrove forests caused by natural or anthropogenic impacts. Remote sensing techniques are potentially highly effective for mapping mangrove cover and change (Song et al., 2011; Jones et al., 2016) . Sources of medium-resolution satellite sensor data, including Landsat (Kirui et al., 2013; Shapiro et al., 2015; Dan et al., 2016; Hoa and Binh, 2016; Brown et al., 2018) , SPOT (Mr oz and Sobieraj, 2004; Pham and Brabyn, 2017) , and the recent Sentinel-1 and Sentinel-2 (Giardino et al., 2015; Chen et al., 2017) , as well as high-resolution data, e.g. IKONOS (Dahdouh Guebas et al., 2004; Wang et al., 2008) , Quick Bird and Worldview-2 have been used to quantify mangrove cover across the globe (Kuenzer et al., 2011) . Airborne Hyperspectral imagery has a great number of narrow bands (<10 nm), providing new opportunities for mapping mangrove forests. These data have been used to distinguish mangroves at the species level (Kuenzer et al., 2011) . Additionally, active systems, such as RADARSAT and ENVISAT ASAR, with optical data can potentially be used to classify mangrove species (Zhang et al., 2018) . Radarsat-2 images are appropriate for characterizing vegetation attributes in areas of mangrove regeneration (Cougo et al., 2015) . LiDAR data have also been used for mangrove composition mapping (Olagoke et al., 2016) .
A number of algorithm methods, such as ISODATA (Shi, 2017) , Support Vector Machines [SVM] (Heenkenda et al., 2014; Kanniah et al., 2015; Cao et al., 2018) , Random Forest [RF] (Pham and Brabyn, 2017; Shi, 2017) , Decision Tree [DT] (Heumann, 2011; Zhang et al., 2017) , Maximum likelihood [ML] (Everitt et al., 2008; Song et al., 2011; Chen et al., 2013; Kirui et al., 2013; Aghighi et al., 2014; Dan et al., 2016) , and Oriented segmentation [OA] (Kux and Souza, 2012; Kamal et al., 2015) are used for mapping mangrove covers. In addition to selecting the best type of remote sensing data for a particular analysis, choosing the most appropriate classification algorithm is a challenging task that can influence the final results.
Generally, classification algorithms can be separated into parametric and non-parametric approaches. Parametric methods require an estimation of the statistical distribution of the data. In contrast, non-parametric methods can be used with optional data distributions and without assuming that the shape of the underlying data structure is identifiable. As a result, they are very attractive for classification purposes (Omran et al., 2005) . In general, ML, SVM, and RF algorithms have all been used frequently to classify mangroves based on traditional satellite remote-sensing data (Such as Landsat) (Vyas et al., 2011; Kamal, 2015) . In order to compare the results of different non-parametric classification algorithms with the same classification scheme and the same satellite image, a set of non-parametric algorithms including RF (Colkesen and Kavzoglu, 2017) , Regularized Discriminant Analysis (Ch avez, 1996) , Least Squares SVM with Radial Basis Function Kernel (Mountrakis et al., 2011) , and SVM with Linear Kernel have been used to map land cover. The performance of non-parametric classification algorithms can be compared using one-way ANOVA and Tukey methods. Assessing changes in mangrove cover using satellite imagery from different time periods can be a suitable indicator to quantify and understand possible trends in mangrove ecosystems (Shapiro et al., 2015; Tarantino et al., 2016) .
Mangrove forests in Iran can be found on the southern coast of Iran on part of the Persian Gulf and Oman Sea. According to Danehkar's reports (1998 and 2001) , mangrove forests cover an area of 107 km 2 . The largest areas are located in the northwest of Qeshm Island. The long-term aim of the Qeshm Free Area Authority (QFA) is to develop Qeshm as Iran's leading center for marine activities and to determine how these activities change physical structures and land use in the coastal zones. Thus, a better knowledge of recent changes in mangrove cover is essential for protecting mangrove resources by the improvement of local planning on Qeshm Island. However, accurate estimates of mangrove cover in Qeshm are not yet available. Landsat imagery from 1985, 1998, and 2017 was used to predict the current total mangrove cover and assess changes in land cover during this period. Landsat data imagery was used because it is freely available and has been proven to be appropriate for land cover classifications and to provide large historical archives. The specific aims of this study were 1) to evaluate and compare four image algorithms to distinguish between six different land cover classes based on Landsat time series, 2) to detect changes in mangrove cover between 1985 and 2017, and 3) to compare the different prediction maps obtained from RF and Linear SVM.
Material and methods

Study area
The study site is located in the Hormozgan Province between Khamir and Qeshm Island, (Fig. 1) . Qeshm Island has a surface area of 1491 km 2 and is 2.5 times the size of Bahrain. It is the largest island in the Persian Gulf. Tides along the Qeshm coastline are semi-diurnal. Tidal fluctuations in water levels are considerable: during high tide, northern coasts are submerged and make an appropriate environment for sailing, while during low tide the area is marshy. In the south-western part of the mangrove forests, differences in water levels reach up to 5 m. The mangrove area on Qeshm is a biosphere reserve, and commercial activities are limited to aquaculture and tour boats, with only restricted mangrove cutting permitted for camel feeding. Mangrove forests on Qeshm Island are found at latitudes between 26 45 0 and 27 N and longitudes between 55 20 0 and 55 51 0 E in the northern cape of Qeshm. These forests are comprised of the Avicennia marina type ('Hara' is the local name).
Remote sensing data and pre-processing
Landsat satellite imagery from 1985, 1998, and 2017 was acquired from the USGS (www.earthexplorer.usgs.gov) in order to investigate historical and current mangrove cover. Changes in climate and other atmospheric conditions may lead to increased seawater levels and cause changes to land cover classes. The selected images, therefore, were required to have the same sea level and be free of cloud cover. Since a conservation plan has been in place for the HARA forest since 2003, we selected a 1998 image for assessing changes in mangrove cover over time. Information on the Landsat data used in this research is shown in Table 1 .
All Level 1 Landsat images were georeferenced to WGS 1984, UTM Zone 40 N. The images were atmospherically corrected by the dark object subtraction (DOS) method. The DOS method follows the theory that dark objects are within an image and have zero reflectance (Heumann, 2011) .
Training data
To survey the spatial distribution of mangroves in the Qeshm Island study area, a field survey was carried out from 11 to 17 February 2017. Training samples were primarily collected from field observations. To record the position of mangroves, a handheld GPS set (Garmin 629sc) was used. Although Avicennia marina is the dominant mangrove species, Rhizophora mucronata exists in small patches. Additional training samples were collected by interpreting SPOT 6/7 imagery, WorldView-2 imagery, and Google Earth maps by digitizing homogeneous areas. The area size of the classes was affected by the number of pixels assigned to each polygon (Kanniah et al., 2015) . For example, fewer pixels were chosen for the class 'settlement'. On the other hand, according to Van Nile et al. (2005) , the size of the training data should not be smaller than 10e30 times the number of bands for each object. Table 2 shows the GPS point and pixel counts of the training samples of each class that used six Landsat bands for land cover classification. Training samples were selected for the six classes shown in Fig. 2 , namely mangrove forest, mud flat, other land covers (i.e., other vegetation, undeveloped area, rock area, and cleared area), tidal zone (i.e., beaches, sand, and non-vegetated area), water (i.e., open water such as rivers or ponds), and settlement (i.e., roads and buildings). In order to reduce possible error due to the random selection of 70% of the training data, 10 repetitions were used for each algorithm.
Classification approach
In the present study, the two classification algorithms Random Forest [RF] , Regularization in Discriminant Analysis [RDA] , and two support vector machine methods [Ls SVM Radial, and SVM Linear] were used, and their performances were compared. The two widely used classification algorithms RF and Linear SVM were compared with the two algorithms used less frequently for classifying mangrove cover. Classification algorithms were performed and compared using R statistical software (R Core Team, 2012) . These classifiers are explained briefly below.
RF classifier
Random Forest is a non-parametric 'ensemble learning' algorithm (Torres and Qiu, 2014; Fu et al., 2017) and is widely popular because of its ability to classify large amounts of data with high accuracy. This algorithm includes an ensemble of tree-structured classifiers. Each 'tree' begins by selecting a collection of random model units chosen independently. The votes on all decision 'trees' in the 'forest' are used to create a forecast (classification) (Breiman, 1996) . Based on a bootstrapping procedure, nearly two-thirds of the data collection is employed to make the decision trees, and the residual data (out of bag) are then used to compare the model performance or to calculate the 'out of bag error'. Lastly, the best model is selected based on the majority vote approach (Breiman, 1996; Yu et al., 2011) . The R package 'random Forest' was used to apply the RF method.
Ls SVM Radial and Linear SVM classifier
SVM methods have also been successfully applied to a broad range of classification approaches (Mountrakis et al., 2011) . The aim of the SVM method is to make classification by finding the new high-dimensional feature space that distinguishes between the two classes very well. (Mountrakis et al., 2011) . While this method was developed to solve double category problems, when applied to multiple category problems such as image categories, additional steps need to be applied: 1) produce a second-class optimization formulation, 2) make and join some binary classifiers over one vs. one (Pontil and Verri, 1998) and one vs. the other problems (Blanz et al., 1996) . In the present study, the two basic kernel function choices (linear and radial) are selected. With the Linear SVM method, the optimal hyperplane is linear, and with the Ls SVM Radial method, the optimal hyperplane is non-linear. SVM methods implemented in the R package 'kernlab' were used for the one against one procedure (Kamavisdar et al., 2013) .
RDA classifier
Regularization in Discriminant Analysis is a classification approach where two or more sets, clusters, or populations have to be recognized a priori, and one or more new observations have to be categorized into one of the identified populations based on measured appearances. Discriminant analysis is based on the average margin (Friedman, 1989) . The method does not include an inverted covariance matrix, thereby avoiding the small sample size problem (Zhou et al., 2017) . Regularized discriminant analysis (RDA), which is calculable in high dimensions and covers the path between the two extreme analysis types (quadratic discriminant analysis (QDA) and linear discriminant analysis (LDA)), has been recommended in the literature (Fu et al., 2017) . However, these techniques rely on sample covariance matrices. To make the discriminant rule more robust, one may consider changing the group means and covariance matrices by standardizing strong estimates (Zhou et al., 2017) . For all feature details, we refer to Guo et al. (2005) . In this study, the R package 'klaR' was used for image classification by RDA methods.
Validation
K-fold cross-validation and independent validation techniques were applied to investigate the classification efficiency (Ranaie et al., 2018) . In the k-fold method, the original data is divided into k subdivisions called 'folds'. K-1 folds are applied to form the model in each repetition, and the remaining subset of sample units is used to validate the model (Kohavi, 1995) . Finally, the k outcomes from the folds can then be combined to produce a single approximation. For independent validation (IV), a random subgroup of training model units is omitted from the model to be used for confirmation (Seni and Elder, 2010) . In this method, 30% of the sample units remain for the independent validation process. We calculated the Overall Accuracy (OA) and the Kappa Coefficient (K) (Cohen, 1960) based on the confusion matrices of all outcomes from the different classification techniques (Eslami-Andargoli et al., 2010) . One-way ANOVA and the Tukey test were used to calculate the performance statistics of classifiers (based on OA and K coefficients). One way Analysis of Variance (ANOVA) is a hypothesis test in which only one categorical variable or single factor is considered (Brown and Forsythe, 1974) . One-way ANOVA and the Tukey test are described in Stoline (1981) and Tukey (1994) . In addition, from the independent new samples, about 10% of the training data that was optioned from Worldview 2, SPOT 6/7 (for mangrove forest, mud flats, tidal zone, and water classes), and Sentinel 2 (for settlement and other land cover classes) was used for accuracy assessments of prediction maps.
Change detection
The percentages of increasing and decreasing cover over the entire study area are shown in a highlighted changes image made by subtracting the 1985 classification map from the 2017 map. In order to compare classified maps, and provide "frometo" change information, a post-classification comparison was applied by masking other classes (such as other land covers, tidal zone, and water bodies) that were not significant. Many researchers (Ghanavati et al., 2008; Klemas, 2009; Heumann, 2011; Pham and Yoshino, 2015; Shapiro et al., 2015; Dan et al., 2016) have successfully used such a postclassification algorithm in order to assess changes in mangrove cover area from the different classified images. The postclassification change detection algorithm has been applied to a comparative investigation of independently created land cover maps from various times, using a mathematical pixel-by-pixel arrangement (Heumann, 2011; Kanniah et al., 2015; Dan et al., 2016) . The result of this algorithm is displayed in the form of a matrix that shows changes. In our study, the technique was carried out for three different time intervals: 1985e1998, 1998e2017, and 1985e2017 . In this way, classification results from RF and Linear SVM for land cover change analysis were selected. A 'salt-and-pepper' effect was removed from the classification maps using a majority filter with a kernel size of 3x3. (Chen et al., 2013 ).
Results
Model accuracy
In this section, the output of the four classification techniques is given, followed by a description of changes in Land Cover classes during the three periods 1985e1998, 1998e2017, and 1985e2017. The accuracy assessment (overall accuracy and Kappa), which was conducted with the k-fold cross-validation procedure and independent validation, was calculated for 40 land cover maps which were produced using the four classification techniques. Table 3 shows the mean OA and K values for the error matrices from all four classification algorithms.
The results of the ANOVA, which was used to evaluate the statistical differences between OA values of the different classification algorithms for each of the three periods, are given in Fig. 3 . For 2017, 10-fold cross-validation indicated significant differences between the four classification algorithms. Based to the average OA and K values obtained from 10 replications of each classifier, the RF technique performed best. In addition, independent validation indicated that RDA differed significantly from RF, Linear SVM, and Ls SVM Radial. For the year 1998, based on 10-fold cross-validation, RF and RDA were not significantly different and ranked as the top classifiers. Ls SVM Radial and Linear SVM were ranked second and third, respectively. Fig. 3 shows that, for the independent validation, no statistically significant differences were found between classifiers, and thus we were not able to rank them. For the year 1985, based on 10-fold cross-validation, RF differed statistically from the other techniques and ranked as the top classifier. No significant difference was found between Ls SVM Radial and RDA and are jointly ranked second followed by Linear SVM. A barely significant difference was found between RF and Linear SVM based on independent validation. The results of the Tukey tests derived from two validation methods are given in Table 4 . Results are distinguished by applying a 99% confidence interval. However, based on Tukey's null hypothesis, there was a difference in the performance of classifiers that were assigned p-adj values smaller than 0.01.
Predictions
All the classifiers predicted land cover types well within the study area. Fig. 4 presents the subsets of the classification results from the four classification algorithms for each year. Based on a visual comparison of the classification maps, when compared to RF, other classifiers mistakenly classified mixed pixels at the edges of the mangroves to mangrove class and thus increased the area. The Error Matrix Analysis of accuracy assessment using new samples as reference data with prediction maps showed that the classification maps of RF produced an OA of 98.54% and K of 0.97, while the classification maps of Linear SVM produced lower values (OA of 85.72% and K of 0.80).
Change detection
The total area covered by each of the six land cover classes obtained by RF and linear SVM in 1985 and 2017 and the changes in land cover classes during the intervening period are shown in Tables 5 and 6 , respectively. Overall, for both years, the settlement land cover class occupied the smallest area of all classes.
Analysis of the RF classification map revealed that mangrove cover areas decreased by approximately 4% from 1985 to 1998 (Fig. 5) and then increased by approximately 8.9% from 1998 to 2017. Mud flat areas increased from 1985 to 2017 by approximately 31% and other land areas decreased (Table 5 ). Most changes in land cover were related to settlement areas, which increased by 83% from 1985 to 2017. The linear SVM classification maps indicate that mangrove areas decreased by 10% from 1985 to 1998 and then increased by 3% after 1998. In 2017, 16,031ha were classified as mud, which corresponds to a net increase of 5337 ha compared to 1985 (Table 6 ). The area occupied by the two classes other land covers and tidal zone Table 3 OA and K mean values of the four classification algorithms using the two validation techniques cross-validation (CV) and independent validation (IV). remained constant at approximately 6% and 37%, respectively. The highlighted change image shows that the classes with the largest percentage of decrease or increase in the area were settlement, mud flat, and mangrove forest. To assign the position and reasons for alterations in settlement class, mud flat class, and mangrove class, a post-classification comparison masking Fig. 3 . Results of ANOVA tests based on OA by cross-validation and independent-validation for 1985, 1998, and 2017. other classes that were not significant was applied. Details of the detected change in the classes mangrove forest, mud flat, and settlement area in the prediction maps obtained by RF and Linear SVM are summarized in Tables 7 and 8 . Table 7 reveals that 87.8% of mangrove cover did not change between 1985 and 1998, and 744.31 ha (9.2%) of mangrove cover was converted to mud flat during this period. While mangrove cover increased dramatically (12.6%), with 1171 ha converted from mud flat, 92 ha from other land covers and 226 ha from tidal zone during the period 1998e2017. The mud flat class increased by 31%, most likely owing to the conversion of the classes mangrove, other lands, tidal zone and water bodies to this class. The largest changes in the class mud flat were related to the conversion of 7224 ha of the class other land covers to mud flat. The settlement class increased, with the majority of changes related to the conversion of other classes into settlement in the period 1985e2017, with 0.9 ha of mangrove cover and 2.52 ha of mud flat area being converted to settlement area from 1998 to 2017. The Linear SVM classification showed that 740 ha of mangrove cover was converted to mud flat from 1985 to 1998, and that mud flat changed to 799.38 ha, other land covers to 485.46 ha, tidal zone to 141.03 ha and water to 9.54 ha during the period 1998e2017 (Table 8 ). The observed increase in mud flat area is related to the conversion of other land covers and tidal zone to this class. Table 8 shows that the increase in the settlement class was related to the conversion of mangrove forest, mud flat, and other land covers into the settlement class from 1985 to 2017. The land cover maps obtained from the four classification algorithms differed. Therefore, the post classification indicated that the change rate of classes in the image classified by RF was not similar to that for the image classified with Linear SVM. The results of the accuracy assessment for the RF classifier and the Linear SVM are shown in Table 9 . Compared to Linear SVM, the RF classifier reduced mis-classification of settlement areas, as demonstrated by higher values of PA and UA.
Discussion
General comments
The main goal of this study was to expand a straightforward approach to provide land cover classes in a mangrove ecosystem based on Landsat time series. Additionally, four frequently used classification algorithms (Ls SVM Radial, RDA, RF, SVM Linear) were compared and their performance was assessed. Clearly, mapping mangrove cover based on satellite imagery is not free from uncertainties. Problems arise related to class definitions, mixed pixel effects, and tidal influence (Rocchini et al., 2013) . For the selection of the images, both seasonal differences and atmospheric conditions had to be considered. Images should be used when mangrove trees have bright green leaves and twigs, and yellow blossoms. Atmospheric conditions such as humidity and cloud cover had to be considered as well. Moreover, since mangroves grow in the tidal zone and are partly flooded, only images taken during low tidal conditions were selected. Finally, testing four classification algorithms showed that the selection of the most accurate and appropriate change map was only achieved by evaluating two different validation methods.
Training data
The generation of a representative reference data set was required for prediction maps with different classification algorithms. The training data were based on two different acquisition methods and incorporate field survey image interpretation using satellite data. Given the position of the mangrove forests in the tidal zones (Fig. 6) , and considering time and funding limitations, access to these areas was not always possible. As a result, no field survey using GPS measurements was possible. Instead, high-resolution (<2 m) images from Worldview-2 and Spot 6/7 were used to obtain a sufficiently large number of training samples. Since small patches of mangrove forests are distributed in the intertidal zone (between land and sea), new satellite images such as Sentinel-2 should be used in the future to further reduce misclassification. Sentinel-2 provides four bands with a 10-m spatial resolution. Moreover, the additional use of a large number of image bands would be appropriate for the identification of mangrove cover in the future. Table 4 The results of Tukey tests for assessing statistical differences between two classifiers with a confidence interval of 0.99 that are based on OA values derived from cross-validation (CV) and independent validation (IV). Red numbers show where there is no significant difference between the two classifiers (padj value greater than 0.01).
Comparison of the four classification algorithms
In this study, the performance of two less frequently used classification algorithms, RDA and Ls SVM Radial, and two commonly used classification algorithms, RF and Linear SVM, was assessed to classify six land cover classes in the Qeshm Mangrove area in Iran. The accuracy assessment consists of cross-validation and independent validation, as well as their processing time, on Landsat images from the years 1985, 1998, and 2017. Comparison of the results revealed that crossvalidation outperformed the independent validation, as shown by higher values of overall accuracy and higher values of Kappa. Overall, there is little difference between the classifiers in terms of accuracy. In this study, the RF technique for classifying land cover was found to be more accurate than the other techniques. Although SVM is often used for classification, it did not perform as well as RF. This may be caused by considerable confusion among tidal zones and other classes, which led to difficulties in learning the support vectors. In contrast, RF builds multiple decision trees and combines them to produce more accurate and consistent predictions. In 2017, the accuracy of the maps obtained from RDA changed. Although this may have been related to the Landsat OLI sensor, further studies are required to clarify this point. The type of changes in mangrove cover observed (decrease followed by an increase) is similar to the findings of Milani and Jafarbeglue (2012) . We expect that the use of additional vegetation indices and textural features in the future will improve classifications further. 
Comparison of prediction maps and change detection
Based on a visual comparison of the classification maps, the RF algorithm performed best. Parts of the land cover classes tidal zone and mud flat along the edge of the coastal region were mapped as water or other land covers using the Linear SVM, whereas this error rarely occurred in maps based on RF. The circles in Figs. 7 and 8 show the performance of each classifier using RF compared to the performance using Linear SVM.
In Fig. 8A , a great number of pixels designated as other land covers are present in images classified by the Linear SVM technique as mangrove and mud flat areas. In Fig. 8B , a larger number of pixels in the image dated 2017 of the water class were misclassified by Linear SVM but correctly captured by RF. This part of the tidal zone had a spectral profile similar to that for the shallow water near the coastal zone. Therefore, one of the main challenges was to separate the tidal zone from the shallow water areas. The differences in classifications using the same training data set are related to the different mathematical functions that each algorithm uses. The RF algorithm was able to effectively distinguish between tidal zones and the class water. The settlement class had a low user's accuracy and producer's accuracy within this study site and was often mixed with other classes, due to similarities in color (spectral features) and small height variances. The settlement class includes rural areas that have a spectral reflectance similar to that of soil and rock. Cao et al. (2018) evaluated the classification maps of different feature combinations with different classifiers. The results show that the mixture of visible spectral with infrared spectral and spatial features (i.e., textural features) yielded highly accurate mangrove species classification, while the Knearest neighbor (KNN) and the SVM classification results differed and the SVM classifier outperformed the KNN classifier. The results of this previous study thus demonstrate that the classification algorithm, although based on the same schemes, can affect prediction maps.
Map importance for management and authorities
Based on the results of the change maps, we see a decrease in mangrove forests near the coast, while an insignificant increase of 739 ha in total mangrove area occurred in the whole site, possibly owing to replanting and regrowth. Human activities have increased on Qeshm Island over the past two decades. Local people on this island are confronted with broad threats to and problems regarding sustainable development, including a lack of recognition and improper tourism. Qeshm Island is a special place with respect to biodiversity and history. Sustainable tourism activities can help boost the sustainable use of natural resources. In addition, tourism prevents immigration by creating jobs. Therefore, monitoring, researching, and understanding the processes of land-use change in mangrove forests can contribute to more effective management and planning of ecotourism programs.
Conclusions
Four approaches to classifying land cover in mangrove forests were compared using Landsat time series data. Land cover change was detected between 1998 and 2017. Looking at the accuracy of the classification of images from these three years, there is not much difference between overall accuracy and Kappa values. However, to achieve accurate classification, the main area of concern is the quality of training data. This is followed by questions regarding the choice of classification technique to apply. A coastal ecosystem is a dynamic ecosystem affected by climate change. Post classification shows that the area covered by mangrove forests increased during the period under consideration and that this increase was not related to a net change in mangrove cover but rather involved a change in the open space between trees in areas where the mangrove forest reaches the sea.
One of the most important reasons for the increase in mangrove cover is the implementation of the Mangrove Forests Development Plan by the Forests and Rangelands Organization on Qeshm Island in 2003. This plan opposes population growth and the development of infrastructure. The highlight changes maps indicate that increases in mangrove forests occurred in locations they had not previously occupied, whereas mangrove forests declined in coastal regions such as in the Tabl and Gavarzin areas. However, a decline in forests on the edge of the land has been observed. Increasing water levels and human development, including the development of coastal ports and the construction of a shrimp breeding station, are important factors in the decline of mangrove forests. The area of settlement land cover showed an 82-fold increase, owing to accelerating population growth, from 50 ha in 1985 to 148 ha in 2017. The increase in population and the overexploitation of forest resources for livestock and camel food can be viewed as a loss of mangrove forests. The geographical distribution (land cover) of the mangrove forests for different targets can be improved with the advancement in satellite data and classification algorithms. In future studies, Sentinel-2 and high-resolution satellite data, such as worldview or hyperspectral data, can improve the mapping of land cover with more accuracy and more detail, which in turn may assist mangrove forests conservation and management planning efforts.
